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Abstract
Understanding variability of porous media is important for initiating land management strategies. Objectives were to determine
variability of computed tomography (CT)-measured pore characteristics and physical properties of porous media and combine 
these into principal components (PCs). Core samples were collected from three sites: silvopasture with vegetative buffers 
(SPBF), watersheds with vegetative buffers (PW), and crop management and prairie management (MP). Soil bulk density (BD), 
saturated hydraulic conductivity (Ks) and CT-measured pore characteristics were analyzed under buffers and management 
practices at SPBF; buffer and crop management practices at PW; and native prairie, restored prairie, conservation program, and 
crop rotation at the MP location. Measured data sets were combined by location for correlation analysis, descriptive statistics, 
variability analysis, principal component analysis (PCA), and discriminant analysis. Coefficients of variation (CV) showed 
numbers of pores, macroporosity, mesoporosity and Ks were most variable (CV > 0.35), whereas circularity, BD and silt content 
were least variable (CV < 0.15). The PCA grouped ten pore characteristics and physical properties into three PCs: porosity, water 
transport and texture. Redundancy analysis showed the soil porosity PC and pore numbers as the most dominant properties at all 
locations. Results indicate that establishment of vegetative buffers improves porosity.
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1. Introduction
Knowledge of soil variability plays an important role for implementation of land management strategies for 
enhanced environmental and economic benefits. Reliable soil interpretations and accurate predictions of soil
performance in a landscape are enhanced with an understanding of soil variability (Mzuku et al., 2005). The 
variability in soil properties is associated with spatial, temporal or management related factors and these can impact 
groundwater pollution, soil moisture, water movement, solute transport, soil erosion, and biomass production 
(Shukla et al., 2004; Udawatta and Anderson, 2008).  The variability of soil properties can be grouped into three 
categories by coefficients of variation (CV); CV < 0.15 the least, 0.15 < CV < 0.35 moderately variable, and CV > 
0.35 as the most variable.
Changes associated with cropping, agroforestry, and prairie management on soil pore characteristics have been 
intensively studied by various researchers (Kumar et al., 2010; Udawatta et al., 2008). Pore characteristics 
significantly influence water flow near saturation in the soil profile. The pore geometry, including the distribution 
and dimensions of macropores (radius > 500 µm) and mesopores (radius = 100-500 µm) variably influences the soil 
water transmission and storage. In a review of several published data sets, it has been reported that saturated 
hydraulic conductivity (Ks) is the most variable property (CV > 1.00) and soil bulk density (BD) the least variable 
(CV < 0.15). 
Principal component analysis (PCA) is used in many forms of data analysis from neuroscience to computer 
graphics (Shlens, 2005) and is especially useful for reducing the dimensions of data without significant loss of 
information. Using PCA, a large number of correlated variables can be reduced into PCs that are linear functions of 
the original variables (Johnson and Wichern, 1992). Each variable in the principal component (PC) is responsible for 
the correlation among the PCs of soil attributes that comprise it. 
Most of these efforts were made to group the soil physical and chemical properties into PCs for soils. However, 
no data were available discussing the variability of soil physical properties combined with CT-measured pore 
characteristics in the Alfisol soil order under management practices. Previous studies on Silvopasture with Buffers 
(SPBF; Kumar et al., 2010), a Paired Watershed (PW; Udawatta and Anderson, 2008) and Prairie Management (MP; 
Udawatta et al., 2008) compared CT-measured pore characteristics including BD and Ks among different 
management practices. Therefore the objectives of this study were to (i) determine the variability of soil physical 
and CT-measured pore characteristics in three locations and (ii) reduce them into a few smaller PCs using PCA and 
use them for improving managerial decisions.
2. Materials and Methods
Experimental Site Three locations with Alfisols in Missouri were selected for this study: the SPBF at New 
Franklin, PW of a corn (Zea mays L.)–soybean [Glycine max (L.) Merr.] rotation with buffers at Novelty, and MP at 
Centralia, Kingdom City, and Williamsburg. The SPBF location was established in 2000 and consisted of 
agroforestry buffers, grass buffers, rotationally grazed pasture and continuously grazed pasture. PW consisted of no-
till corn-soybean rotational watersheds with pin oak (Quercus palustris Muenchch) and cool season grass legume 
buffers established in 1997. The MP location included a native prairie, a restored prairie, a Conservation Reserve 
Program, and a corn-soybean rotation. Additional details about the locations can also be found in Udawatta et al. 
(2008), Udawatta and Anderson (2008), and Kumar et al. (2010).
Soil Sampling and Analysis Intact soil cores were taken from SPBF (n= 24), PW (n= 18), and MP (n = 24)
locations using 7.6 cm diameter and 7.6 cm long cores from 0-10 cm depths. Soil core samples from the SPBF
location were collected under agroforestry buffers and grass buffers associated with rotationally grazed pastures and 
continuously grazed pastures. Similarly, soil cores from the PW location were collected under agroforestry buffer, 
grass buffer and row crop management practices. From the MP location, soils were sampled from Tucker Prairie, 
Prairie Fork, a conservation reserve program treatment and a corn-soybean rotation treatment.
Soil cores were sealed in plastic bags, transported, and stored in a refrigerator at 4 °C before analysis. Soil cores 
were saturated to retain soil structure. The weight of the wet core was taken after a 24-h saturation period and 
samples were placed on a -0.0035 MPa glass bead tension table for draining. This procedure removed water from 
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macropores and coarse mesopores to allow better image contrast. Samples were weighed again and the samples 
were prepared for transport to the CT scanner.
CT images were acquired using a Siemens Samaton Plus 4 volume Zoom X-ray CT scanner. The scan system 
parameters were set to 125 kV, 400 mA, and 1.5 s scan time with a pixel resolution of 0.19 by 0.19 mm. The X-ray 
slice thickness was 0.5 mm, producing a volume element (voxel) size of 0.018 m3. Soil cores were positioned 
horizontally on the scanner stage so that the X-ray beam was perpendicular to the longitudinal axis. Scan depths 
within a core were 15, 26, 37, 48 and 59 mm from the top of the soil core. 
Scanned images were analyzed using the public domain software Image-J version 1.27 (Rasband, 2002). A 2500 
mm2 region was demarcated as the Region of Interest and then the exterior area was removed to exclude voids near 
the core walls and to minimize beam hardening interference. The circularity of macropores is estimated by dividing 
WKHSURGXFWRIWKHDUHDRIWKHSRUHDQGʌE\WKHSRUHSHULPHWHUVTXDUHG7KHPDFURSRURVLW\DQGPHVRSRURVLW\DW
each scan depth were calculated from the total area of all macropores and mesopores isolated in the image at a given 
depth divided by the cross-sectional area (2500 mm2) of the selected region on the soil core image. The Region of 
Interest tool was used to select a rectangular region of a 50- by 50-mm area. The threshold tool was used to partition 
pores from solids after converting the image into an eight-bit gray-scale image. The threshold value selected to 
analyze all images was 40 (range 0–255). The values lower than the threshold value were identified as air-filled 
pores while were the values greater than the threshold value were identified as non-pore. The Analyze Particles tool 
was used to measure the statistics of individual pores. The fractal dimension (fractial-D) of macropores was 
determined with 0 to 100 threshold values to better populate the low-porosity samples with pores. After scanning, Ks
and dry BD were determined for all the cores.
Statistical Analysis CT-measured pore characteristics included macroporosity, mesoporosity, pore numbers, 
circularity, fractal-D and soil physical properties included BD, Ks, percent sand, percent silt, and percent clay at the 
0-10 cm depth under different management practices. A correlation analysis was performed separately for each 
location (SAS Institute Inc., 2002). Similarly, CVs for each CT-measured pore characteristic and soil physical 
property were determined for each location. The PCA was performed using a correlation matrix for all the CT-
measured pore characteristics including macroporosity, mesoporosity, pore numbers, circularity, fractal-D and 
physical properties including BD; Ks; and sand, silt and clay percentages (SAS Institute Inc., 2002). Since CT-
measured pore characteristics and soil physical properties had different dimensions, the correlation matrix was used 
because it standardizes the data with zero mean and unit variance. Eigenvalues were assigned to PCs in each
location and were determined according to the amount of variance explained by each PC. PCs with eigenvalues > 1 
were retained, and those with eigenvalues < 1 were not considered for further analysis as they would explain less 
variance for a measured attribute (Shukla et al., 2004). The retained PCs were subjected to varimax rotation to 
maximize the correlations between PCs and the measured attributes by distributing the variance of each factor (SAS 
Institute Inc., 2002). The scoring coefficients for retained PCs were obtained for each sampling location using a 
scoring procedure. Canonical discriminant analysis was performed under the hypothesis that canonical correlations 
in the current row as well as all that follow were zero (SAS Institute Inc., 2002). When the canonical correlation is 
high or the likelihood ratio for the hypothesis is small, the canonical coefficient is more significant. Discriminant 
analysis identified the most powerful PC as well as the dominant measured attribute contributing to this PC.
3. Results and Discussion
Correlation and Variability Analysis Pearson’s correlation analysis showed that most of the CT-measured pore 
characteristics and soil physical properties including Ks and BD were significantly (P < 0.05) correlated with each 
other either positively or negatively in all three locations. This indicated that a sufficient amount of correlation was 
present among the measured variables to perform PCA analysis. Among the correlation pairs, the highest correlation 
coefficients were observed between macroporosity and pore numbers at SPBF (r = 0.96), as well as between pore 
numbers and fractal-D at PW and MP locations (r = 0.91). This indicates that pore numbers influenced CT-measured 
pore characteristics and soil physical properties. Macroporosity was negatively correlated with circularity and BD
and positively correlated with pore numbers, fractal-D and Ks in all three locations thus indicating the influence of 
macroporosity on soil water transport. Similarly, pore numbers were positively correlated with Ks at all three
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locations. Furthermore, significant correlations were also observed between macroporosity and circularity at SPBF 
and MP locations and between mesoporosity and circularity at SPBF location. 
According to criteria, macroporosity, mesoporosity, pore numbers, Ks, and clay content were most variable (CV >
0.35); fractal-D and sand content were moderately variable with CVs between 0.15 and 0.35; while circularity, BD,
and silt content were least variable with CVs < 0.15 at the SPBF location. Similarly, at the PW and MP locations,
macroporosity, mesoporosity, pore numbers and Ks were the most variable, while other CT-measured pore 
characteristics and soil physical properties including circularity, fractal-D, BD silt and clay content were the least 
variable.
Similar to our results, Iqbal et al. (2005) also observed higher variability (CV > 0.35) for Ks. The high variability 
of Ks coupled with low variability of soil textural properties, were also reported by others (Shukla et al., 2004). The 
CV values for the SPBF location were larger and ranged between 0.87 and 1.21 for Ks, macroporosity, and pore 
numbers compared to those at the PW and MP locations (0.46 - 0.98). The variation in CV among the locations 
could be due to the time of sampling and different management practices. The larger values of CV at the SPBF 
location could be due to collecting samples under grazed pastures.
Descriptive Statistics Descriptive statistical parameters including mean, standard error (SE), coefficient of variation 
(CV), kurtosis, skewness, minimum and maximum of CT-measured pore characteristics and soil physical properties 
for the three locations at 0 -10 cm depth were determined; these statistics were used to determine variability of data 
separately by locations. Skewness was positive for most variables at SPBF location and ranged from 0.53 to 1.82,
but it was negative for some variables and ranged from -0.07 to -0.66. The positive skewness ranged from 0.09 to 
0.89 for PW and from 0.15 to 4.64 for MP locations. Similarly, negative skewness ranged from -0.13 to -2.91 for 
PW and from -0.25 to -1.91 for MP locations. According to CV, macroporsoity, mesoporosity and Ks were most 
variable (CV > 0.35) in all three locations. In contrast, pore circularity, fractal-D, and BD were the least variable 
with CV < 0.15.
Table 1. The retained principal components (PCs) for soil physical and CT-measured pore characteristics at Silvopasture with Buffer (SPBF; n = 
24), Paired Watershed (PW; n = 18), and Prairie Management (MP; n = 24) study locations.
PCs Eigenvalue Difference Proportion Cumulative
-------------------------------SPBF-------------------------------
1 5.91 3.84 0.51 0.51
2 2.06 0.99 0.20 0.71
3 1.07 0.36 0.07 0.78
----------------------------------PW-------------------------------
1 5.16 2.53 0.51 0.51
2 2.63 1.63 0.26 0.77
3 1.02 0.44 0.09 0.87
----------------------------------MP-------------------------------
1 5.11 2.82 0.51 0.51
2 2.28 1.07 0.22 0.73
3 1.20 0.57 0.12 0.86
Principal Component Analysis The CT-measured soil pore characteristics and physical properties were assigned to 
three PCs according to their eigenvalues. Only three PCs were retained for each location based upon eigenvalues >1
(Table 1). At SPBF, the first PC explained 51% of the variance with positive loadings on macroporosity (r = 0.80), 
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mesoporosity (0.80), and pore numbers (0.79) (Tables 1 and 2). All of these are important components of soil 
porosity. These parameters could be influenced by different management practices. The second PC explained 20% 
of the variance with negative loading on circularity (-0.65) and BD (-0.58), and positive loadings on fractal-D (0.90), 
and Ks (0.92). These parameters are important components of water transport. The third PC explained 7% of 
variance with positive loadings on sand (0.44) and silt (0.59) and negative loadings on clay content (-0.75). Sand 
content was actually grouped under the second and third PCs; however, it was grouped under the third PC because 
its loading under second and third PCs was similar and thus grouped under the third PC (soil texture, Tables 1 and 
2). The parameters on the first and second PC could be influenced by the long-term crop management practices in 
the locations. The communality estimates showed that three PCs explained more than 95% of variability in 
macroporosity, pore numbers, circularity, and fractal-D, and more than 73% of variability in mesoporosity, Ks sand,
silt and clay content (Table 2).
Similarly, at the PW location, the first PC explained 51% of the variance with positive loadings on macroporosity 
(r = 0.87), mesoporosity (0.96) and pore numbers (0.98) (Table 2). The second PC explained 26% of the variability 
with positive loadings on circularity (0.99) and negative loadings on fractal-D (-0.76), BD (-0.79), and Ks (-0.82). 
The third PC explained 9% of variance with positive loadings on silt content (0.84) and negative loadings on sand 
(-0.57) and clay content (-0.75). The attributes contained in the first PC are important components of soil porosity 
and hence labeled as porosity; the second PC contained important components of soil water movement and was 
labeled as water transport; and the third PC contained important components of soil particle size distribution and 
was labeled as soil texture. The communality estimates showed that three PCs explained more than 92% of 
variability in mesoporosity, fractal-D, macroporosity, and Ks, and they explained more than 82% in pore numbers, 
BD, circularity, sand, silt and clay content (Table 2).
The first PC explained 51% of the variance with positive loadings on macroporosity (r = 0.77), mesoporosity 
(0.88) and pore numbers (0.88) (Tables 1 and 2) at the MP location. The attributes under the first PC contained the 
most important components of soil porosity. The second PC explained 22% of the variance with positive loadings on 
fractal-D (0.94) and Ks (0.85) and negative loadings on circularity (-0.60) and BD (-0.72). These are the important 
properties which influence water movement and were labeled water transport. The third PC explained 12% of 
variability with positive loading on sand (0.70) and negative loadings of 0.97 on silt and clay content (Tables 1 and 
2). These components were labeled as soil texture. The loading of circularity under the first PC and second PC was 
similar; however, it was grouped under the second PC because it was better grouped on water transport than 
porosity. The communality estimates showed that three PCs explained more than 90% of variability on 
mesoporosity, pore numbers, and silt content, and more than 71% in fractal-D, BD, macroporosity, Ks, circularity, 
sand and clay content (Table 2).
In general, at all three locations PCA grouped CT-measured pore characteristics and soil physical properties into 
the three PCs labeled porosity, water transport and soil texture. Similar to our study, 11 soil attributes such as 
mineral soil carbon concentration, mineral soil nitrogen concentration, extractable soil ammonium nitrate, carbon 
nitrogen ratio, particulate organic matter concentration, mineral-associated organic matter concentration, silt and 
clay content were grouped into three PCs of soil carbon, soil nitrogen and soil texture (Garten et al., 2007). In 
another study, PCA used 20 soil attributes such as biomass, Ks, pH, EC, infiltration rate, BD, sand, silt, and clay, and
grouped those into five PCs namely water transmission, soil aeration, soil pore connection, soil texture and moisture 
status (Shukla et al., 2004).
Discriminant Analysis Redundancy analysis showed that only the first set of canonical coefficients satisfied the 
criteria (P < 0.0001, Table 3). Based on the values of the canonical coefficient, the following discriminant equations 
(1), (2) and (3) could be developed for SPBF, PW and MP locations, respectively.
X1 = 2.34 (porosity) – 1.34 (water transport) – 0.37 (soil texture) Eq. (1)
X2 = 3.45 (porosity) – 1.57 (water transport) – 0 97 (soil texture) Eq. (2)
X3 = 3.15 (porosity) – 1.19 (water transport) – 0.56 (soil texture) Eq. (3)
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Table 2. Rotated principal component (PC), communality estimates (CE), and contribution of each CT-measured pore characteristic and property 
on variation at Silvopasture with Buffer (SPBF; n = 24), Paired Watershed (PW; n = 18), and Prairie Management (MP; n = 24) locations.
Variables PC1 PC2 PC3 CE
-----------------------SPBF-----------------------
Macroporosity 0.80 -0.20 -0.30 0.95
Mesoporosity 0.80 -0.47 -0.31 0.76
Pore numbers 0.79 -0.49 -0.31 0.95
Circularity 0.57 -0.65 -0.45 0.98
Fractal-D -0.30 0.90 0.31 0.95
BD -0.47 -0.58 -0.62 0.97
Ks -0.31 0.92 0.42 0.73
Sand -0.37 0.46 0.44 0.86
Silt 0.35 -0.45 0.59 0.89
Clay 0.17 0.53 -0.75 0.76
--------------------------PW---------------------------
Macroporosity         0.87        -0.03 0.35 0.99
Mesoporosity         0.96         0.08 0.12 0.94
Pore numbers         0.98         0.07 0.12 0.88
Circularity         0.13         0.99 -0.05 0.82
Fractal-D       -0.15        -0.76 0.10 0.97
BD       -0.45        -0.79 -0.57 0.87
Ks        0.18        -0.82 0.72 0.92
Sand       -0.13        0.54 -0.57 0.89
Silt       -0.09        0.54 0.84 0.93
Clay 0.07       0.33 -0.75 0.83
----------------------------MP--------------------------
Macroporosity 0.77 0.30 0.17 0.89
Mesoporosity 0.88 0.81 0.16 0.94
Pore numbers 0.88 0.34 0.04 0.96
Circularity -0.60 -0.60 -0.43 0.85
Fractal-D 0.44 0.94 0.05 0.71
BD -0.12 -0.72 -0.72 0.90
Ks 0.28 0.85 0.47 0.80
Sand -0.12 0.51 0.70 0.84
Silt 0.08 0.63 -0.97 0.97
Clay -0.13 0.43 -0.97 0.86
Where Fractal-D is Fractal Dimension, BD is bulk density, Ks is saturated hydraulic conductivity.
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The values of the discriminant coefficients in Eqs. (1), (2) and (3) were highest for soil porosity PC for all three
locations. Therefore, soil porosity PC was identified as the most discriminating PC at the locations. Coefficients on 
other PCs were considerably lower and were not considered for further analysis. The soil porosity PC at all three 
locations consisted of macroporosity, mesoporosity and pore numbers. To determine the most discriminating 
measured attributes in the porosity PC, the discriminant analysis was conducted with the attributes included in this 
PC. Redundancy analysis showed that only the first set of canonical coefficients presented in the following Eqs (4), 
(5) and (6) for all three locations satisfied the criteria (P < 0.0001):
X1 = 0.57 (macroporosity) + 0.48 (mesoporosity) + 0.65 (pore numbers) Eq. (4)
X2 = 0.25 (macroporosity) + 0.23 (mesoporosity) + 0.45 (pore numbers) Eq. (5)
X3 = 0.65 (macroporosity) + 0.54 (mesoporosity) + 1.03 (pore numbers) Eq. (6)
The coefficients in Eqs. (4), (5) and (6) showed that pore numbers were the most discriminating at all three 
locations. Macroporosity was the second most discriminating, followed by mesoporosity at all locations. 
Table 3. Discriminant analysis of the canonical coefficients for measured soil properties at Silvopasture with Buffer (SPBF), Paired Watershed 
(PW), and Prairie Management (MP) study locations.
No† r SE Eigenvalue LR F P > F
--------------------------------------------SPBF--------------------------------------
1 0.89 0.07 6.39 0.14 8.81 <.0001
2 0.37 0.10 0.23 0.73 1.44 0.19
-------------------------------------------------PW-------------------------------------------
1 0.90 0.05 5.67 0.15 11.02 <.0001
2 0.48 0.17 0.52 0.53 2.72 0.11
-------------------------------------------------MP-------------------------------------------
1 0.92 0.06 5.43 0.14 9.65 <.0001
2 0.56 0.18 0.37 0.57 3.13 0.04
Where r is correlation coefficient, SE is standard error; LR is likelihood ratio, P < Į indicates significant difference, SPBF is Silvopasture 
with Buffer, PW is Paired Watershed, and MP is Prairie Management.
† Set of canonical coefficients.
Land Management Strategies Results from PCA and discriminant analysis showed that porosity PC and number 
of pores attribute were the most dominant in all three study locations. This result may be due to the different 
management practices within the study locations. Previous studies at the SPBF (Kumar et al., 2010) study location 
compared different management practices like grass buffer, agroforestry buffer, rotational grazed pasture and 
continuously grazed pasture. This site revealed that the number of pores and KS as well as other CT-measured pore 
characteristics were lower in pasture than buffer management systems. Within the pasture systems, continuous 
grazing had the lowest number of pores. Similarly, tree buffer, grass buffer and row crop agriculture with practices 
were compared in the PW study location (Udawatta and Anderson, 2008). They reported that CT-measured pore 
characteristics including pore numbers and Ks were significantly lower in row crop agriculture with no-tillage 
practices than in buffer practices. Furthermore at the MP study location, CT-measured pore characteristics and soil 
physical properties were compared among Tucker Prairie, Prairie Fork, Conservation Reserve Program and corn-
soybean rotation crop management (Udawatta et al., 2008). These results also showed that pore numbers were 
higher in Tucker Prairie, Prairie Fork, and Conservation Reserve Program than in the corn-soybean rotation crop 
management system. 
Lower hydraulic conductivity due to reduced porosity and numbers of pores in the cattle grazing practice
was reported by Pietola et al. (2005) in clay soils. Similar results might be observed in continuous grazing and corn-
soybean rotation crop management systems and could cause water ponding as well as surface flooding during high
rainfall events. Therefore, specific management strategies could be implemented at those locations. At the SPBF 
location, the continuous grazing site should include more buffers and if possible changed to rotational grazing 
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practices to increase the number of pores and Ks. At the PW and MP study locations, attempts should be initiated to 
increase the number of pores in the corn-soybean rotation system such as introducing more vegetation in the 
management system. 
4. Conclusions
The CT-measured pore characteristics and soil physical properties were grouped into three PCs. Redundancy 
analysis identified soil porosity as being the most dominating PC and pore numbers as the most dominant measured 
attribute at each location. The correlation analysis also showed significant correlations between pore numbers and 
other CT-measured pore characteristics such as macroporosity, mesoporosity, circularity and fractal-D, and soil 
physical properties including BD, Ks, as well as sand, silt and clay content. The CV, as an index of variability, 
showed that attributes related to the first PC such as macroporosity, mesoporosity and pore numbers were most 
variable (CV > 0.35) as well as significantly correlated with each other (r > 0.56) at all three locations. Similarly, in 
the second and third PCs, except for Ks, all the measured soil attributes were least variable (CV < 0.15). Coefficients 
of determination between pore numbers and Ks ranged between 0.50 and 0.76, indicating CT-measured pore 
numbers could be used to estimate saturated hydraulic conductivity. Land management practices could be initiated 
by introducing more buffers in continuous grazing at the SPBF location, and in the corn-soybean rotation at PW and 
MP locations to increase the number of pores.
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